Abstract-Electric vehicles and hybrid electric vehicles are rapidly gaining popularity as an important means of decarbonizing the transport sector in tackling sustainable energy supply and environment pollution problems. To build a proper battery model is essential in predicting battery behaviour under various operating conditions for avoiding unsafe battery operations and in developing proper controlling algorithms and maintenance strategies. This paper presents a comprehensive review of battery modelling methods. In particular, the mechanism and characteristics of Li-ion batteries are presented, and different modelling methods are discussed. Considering that equivalent electric circuit models are most widely used in the battery management system, a detailed analysis of the modelling procedure is presented.
I. INTRODUCTION
In recent years, electric vehicles (EVs) and hybrid electric vehicles (HEVs) are rapidly gaining popularity as an important part of the concerted effort worldwide in decarbonizing the whole energy cycle, from energy supply to energy utilization. Due to their advantages such as high energy density, high power density, low self-discharge rate and no memory effect, Li-ion cells are now widely used in EV/HEV applications. To ensure safe and efficient operation, a proper battery model is essential in predicting battery behaviour under various operating conditions to avoid imporper operations, such as over-charging, over-discharging and high temperature. Battery models can also help design onboard control and maintainence strategies. Another critical application of a battery model is to estimate battery states, such as state of charge and state of health that are key battery operating states yet not directly measureable, using modelbased estimation methods [1] , [2] .
Over the years, researchers have developed different battery models of different levels of accuracy and complexity. These models can be generally divided into three groups: white-box models (i.e., electrochemical model), grey-box models (e.g., reduced-order model and equivalent electric circuit models, EECMs), and black-box models (e.g., Neural Network model) according to the levels of physical interpretation of battery electrochemical processes presented in the models.
Electrochemical models use physical laws, such as concentrated solution theory and porous electrode theory that govern the internal electrochemical processes of the battery, to describe the battery microscopic and macroscopic behaviours in detail [3] , [4] . Equivalent electric circuit models (EECMs) use a combination of a voltage source, resistors, capacitors and sometimes non-linear elements, such as the Warburg impedance, to describe battery behaviour. The structure of EECMs can be determined based on the general understanding of battery electrochemical processes [5] , [6] , and the parameters are usually identified by fitting the model to experiment data. Researchers have also proposed to model a specific feature of the battery behaviour using simple empirical mathematical equations, and such a model is usually referred to as an empirical model. Different types of blackbox models have also been proposed, such as neural-network model [7] , wavelet model [8] and RBF based SVM model [9] , in which no physical knowledge about the battery is required.
It should be noted that there are generally different modelling requirements in different applications. However, usually battery models can be evaluated according to the following criteria [1] : 1) Accuracy: How well does the output of the model match the actual output of the battery in real-world application? 2) Configuration effort: How many parameters are included in the model? Is in-depth knowledge of battery chemistry required to acquire the parameters? 3) Computational complexity: How long does the simulation take? 4) Interpret-ability: Does the model provide qualitative understanding of the battery behaviour that can help design battery management strategies? The rest of this paper is organized as follows. Section II presents a brief introduction to the mechanism of a Li-ion battery cell and some key characteristics which should be covered in the battery models. A comprehensive review of different types of battery models is presented in section III in a comparative way. Section IV focuses on the EECMs with detailed analysis of the model structure selection and parameters identification and finally section V concludes this paper.
II. BATTERY CHARACTERISTICS
Modern Li-ion batteries are composed of three parts soaked in electrolyte solution: two electrodes and one separator which is a permeable membrane placed between the two electrodes to keep them apart to prevent electric short circuit. Usually carbon material doped with lithium is used as the negative electrode, e.g., Li x C, and a metal oxide material containing lithium as the positive electrode, e.g., Li 1−x CoO 2 . During the discharge process of Li-ion batteries, the lithium active particles diffuse up to the surface of the negative electrode and react, then, the produced lithium ions flow through the electrolyte and arrive at the positive electrode where they react with the metal oxide material and diffuse into it. The electrons produced at the negative electrode cannot pass through the separator, so they flow through external circuit, producing the current. The inverse reactions occur when charging the battery.
A detailed description of the microscopic chemical reactions occurring in the battery is very complex, involving in-depth electrochemical knowledge which is beyond the scope of this paper. Some key factors of battery macroscopic behaviour are described as followed, including battery open circuit voltage (OCV), rate-dependent capacity, the effects of temperature and ageing, which should be accounted for in a battery model.
A. OCV
Battery OCV is the battery terminal voltage when the battery internal equilibrium is reached in the absence of load. Battery OCV depends on the SOC, temperature and previous charging/discharging history, which is referred to as the hysteresis effect.
Battery OCV is mainly determined by SOC. OCV is a non-linear monotonous function of SOC without considering other effects, i.e., temperature and the hysteresis effect. This relationship can be described by a lookup table and using linear interpolation method to determine the values within each interval. Temperature influence on OCV is usually negligible compared with SOC unless under extreme temperature conditions. The hysteresis effect arises because the battery relaxes to a voltage value higher than the OCV for a given SOC when charging, and relaxes to a lower value than the OCV for that SOC when discharging, even after sufficient relaxation time.
B. Rate-dependent capacity
Battery capacity is different under different discharging current rates and dynamic profiles. The smaller and less dynamic the discharging current is, the larger the available battery capacity becomes. Besides, as the temperature increases, the capacity increases as well. Peukert's equation [10] models this phenomenon using Eq. (1)
where C is the battery capacity (Amp hour) for a constant load current I (Ampere), t the total time required to fully discharge the battery, and η is the Peukert's constant. This equation is valid only under conditions of constant current and constant temperature, and the seemingly fully discharged battery under large discharging current can be further discharged after a period of rest. For Li-ion batteries, the capacity strongly depends on temperature [10] .
C. Temperature effect
Temperature not only has an influence on battery OCV [11] , but also on battery capacity [10] . Battery rated capacity is usually measured at room temperature, e.g., 25
• C. The available capacity decreases as temperature decreases, and can be halved when temperature falls below −20
• C. Temperature also has an influence on battery internal resistance. When the temperature inside a battery increases, the electrons are excited, therefore, the internal resistance will decrease and the battery can produce larger current. On the other hand, both energy and power capacity of Li-ion batteries are generally substantially reduced as the temperature falls below -10
• C [12] . In EV/HEV applications, a thermal model that can predict battery temperature under various charging and discharging conditions is necessary for developing thermal management algorithms and cooling strategies. A simple first-order thermal model, consisting of only two parameters, i.e., thermal capacity and heat conduction coefficient, can be integrated into the battery model [13] . Researchers have also proposed complex first-principle thermal models to describe the temperature effect [14] .
D. Ageing effect
Battery ageing condition can be indicated by capacity fading or internal resistance increment, depending on whether energy capability or power capability is critical. Battery capacity fading is the permanent capacity loss after a certain period of storage or usage, and battery end of life is usually defined as when the capacity falls below 80% of its nominal capacity. There are two different types of battery ageing processes, namely calender life (capacity fading due to storage) and cycling (capacity fading due to usage), and researchers have proposed different ageing models for Li ion batteries [15] . A detailed review of battery ageing model is beyond the scope of this paper.
III. BATTERY MODELS
A. Electrochemical models Doyle, Fuller et al. [3] , [4] developed an isothermal onedimensional electrochemical model for galvanostatic charge and discharge of a battery cell with lithium anode, solid polymer separator and insertion cathode. The charge transfer and material balance in the electrolyte solution are modelled using the concentrated solution theory, and the insertion of lithium into the cathode is simulated using superposition. Finally, the complete model is described by several coupled partial differential equations with specified boundary conditions. The equations are solved using Newman's BAND subroutine. Dualfoil is a Fortran program for simulation of Li-ion batteries based on this model. Due to its high accuracy in representing the battery internal electrochemical process, it is widely used by researchers to evaluate other models.
Song et al [16] later extended the isothermal model to include an energy balance part to predict the temperature. Wang et al. [17] , [18] proposed a micro-macroscopic coupled model for advanced batteries and fuel cells. The model systematically integrates the analysis of battery microscopic chemistry phenomena into a macroscopic battery behaviour model. The macroscopic equations are derived using the technique of volume averaging, and the effect of microscopic and interfacial physical phenomena, such as solid-state diffusion, ohmic resistance and non-equilibrium conditions, on the macroscopic equations is analysed. Furthermore, unlike other macro-homogeneous battery models, this model takes into consideration of a number of non-equilibrium effects encountered in applications involving high-power-density and high-energy-density power sources, e.g., in EV/HEV applications. To identify the model numerically, the equations are discretized by finite-volume method and then solved using a general-purpose computational fluid dynamics framework.
Electrochemical models are very accurate in representing the electrochemical processes occurring in batteries. However, to use the electrochemical models for simulation, many parameters based on in-depth knowledge of the battery chemical structure and properties, such as chemical composition and material conductivity, need to be measured or known, which is impractical for many system design engineers. Due to the nature of battery technology, many parameters are difficult to acquire. Furthermore, to solve the interdependent partial differential equations, complex numerical techniques are required, leading to overwhelming computational expense for on-board systems.
B. Reduced-order Models
Based on the electrochemical model proposed in [17] , Domenico et al. [19] derived a simplified reduced-order battery model by making additional assumptions, i.e., neglecting the solid concentration distribution along the electrode and considering the material diffusion inside a representative solid material particle for each electrode, and resulted in an averaged battery model. Smith et al. [20] also proposed another reduced-order model suitable for control-oriented applications by introducing additional assumptions based on full-scale electrochemical models. These reduced-order models result in a heavy loss of information compared with the complete electrochemical models due to the introduction of additional assumptions for simplification. However, they are sufficiently accurate for specific applications, such as SOC estimation and voltage prediction, and exhibit a low computational cost that is desirable for realtime implementations. Furthermore, the parameter identification can be achieved based on the current and voltage signals that are available onboard.
C. EECMs
By lumping battery distributed dynamics, EECMs use a combination of electric elements, such as a voltage source, resistors, capacitors, and sometimes a non-linear element, such as Warburg impedance, to model the battery behaviour. In the following section, the EECM models are categorized into two groups: impedance based EECMs and voltagecurrent (VI) based EECMs. 1) Impedance based EECMs: Battery impedance is measured by generating a small AC current to flow through the battery under investigation, and the AC voltage response is recorded. Then the complex impedance of the battery can be calculated by a FFT analyser. The frequency of the AC current signal sweeps from mHz (sometimes µHz) to several kHz [5] . The measured impedance in a range of frequency is referred to as the electrochemical impedance spectroscopy (EIS). In addition, a superimposing charging or discharging DC current can be used to set the operating point of the battery. Battery impedance changes with SOC, temperature, and the direction and amplitude of the DC current, i.e., the operating point [21] .
A battery cell can be modelled as the Randle's equivalent circuit in a simplified way, as depicted in Fig. 1 , where R i stands for the internal resistance, L an inductance, C a capacitance, R a nonlinear resistance, and Z W stands for the non-linear Warburg impedance which is a constant phase element with a constant phase of 45
• and a magnitude inversely proportional to the square root of the frequency as
where A ω is the Warburg coefficient, ω the angular frequency, and j the imaginary number. The physical interpretations and properties of these electric elements are presented in [5] , and usually the inductance L can be negligible for studies at low frequencies. The parameters of the model can be identified by fitting the model to the measured EIS of the battery. Usually nonlinear parameter identification methods are required, and it takes a long time since the model is nonlinear and complex, and the parameters depend on the operating conditions. Mauracher et al [22] presented a detailed analysis of the Randles EECM of lead/acid batteries. All elements of the EECM, including the OCV, internal resister, double layer capacitor and the Warburg impedance, are analysed in detail based on the physical laws governing the battery electrochemical processes, and modelled as Matlab/Simulink blocks. The dependence of the parameters on frequency and current is taken into consideration. The model parameters are identified by fitting the model to the measured impedance data using non-linear identification methods.
2) V-I based EECMs: To measure the battery EIS, a signal generator is required, which is not practical for onboard implementation. Therefore, researchers have proposed to model the battery behaviour based on the available onboard measurements, such as terminal voltage, load current and temperature.
To avoid complex analysis of non-linear elements, such as the Warburg impedance, it has been proposed to use a linear EECM structure, consisting of an ideal voltage source representing the OCV which is controlled by SOC and temperature, a resistor representing for the internal resistance, and a few RC networks connected in series to capture the dynamics of the battery behaviour. Such a linear EECM is defined as a n-th order if it consists of n series RC networks. Popular EECMs include first order [23] , second order [6] , [24] , and third order [25] models, and even higher orders can be used to cover more time ranges.
A single constant EECM cannot describe the battery behaviour accurately over a large range of the SOC, temperature and current rate, due to the fact that the battery behaviour is highly non-linear and non-stationary. To tackle the problem, the same EECM is identified under a series of different operating conditions which cover the whole range of interest together. Then the dependence of the model parameters on the operating conditions can be extracted. Such a model is referred to as linear parameter varying (LPV) EECM.
A LPV EECM is very appealing for engineers because of the linear structure, and it is simple to configure and identify the parameters. The model is also sufficiently accurate for most system design applications. In addition, it can be simulated together with related electric circuits and onboard control systems in some circuit simulation software. Furthermore, the specific battery chemistry is not needed, which means an EECM model can be applied to different types of batteries. Fig. 2 depicts the typical structure of a mth order LPV EECM, where v and i are the terminal voltage and current, respectively. 
D. Empirical models
Empirical models use simple empirical equations to describe specific features of the battery behaviour. For example, according to Shepherd's equation [26] , the battery VI relationship is described as
where k is the time step, E 0 a constant voltage, v k the battery terminal voltage, i k the load current, R the internal resistance, and µ is a coefficient.
The accuracy of empirical models are typically low and they are usually only suitable in specific applications, e.g., under constant current and constant temperature conditions. Due to their low complexity, usually realtime parameter identification and implementation can be achieved.
E. Bio-inspired black-box models
Black-box models describe battery behaviour using some intelligent modelling methods without the need to understand the underlying electrochemical processes occurring in the battery.
Wang et al. [9] proposed a model using a RBF-kernelbased SVM method. The model can be useful for simulating battery dynamics assisted with a small amount of experimental data. Song et al. [8] presented a multi-resolution modelling approach using wavelet neural networks. A series of models are built incrementally starting from a coarse model to the finest model. The coarser model executes faster with poorer accuracy, while the accuracy of the finer model is better at tje expense of a longer execution time. This modelling method offers users a good trading off between the model accuracy and model complexity. Chen et al. [7] proposed modelling battery capacity using artificial neural networks.
The performance of black-box models largely depends on the training data and training procedure. To achieve a suitable accuracy, usually a large number of parameters are required.
F. Other models
Over the years, some other types of battery models have also been proposed, including stochastic model [27] , transmission line model [28] and hydrodynamic model [29] , which proposed new ideas to model one particular aspect of the battery characteristics. For example, the battery relaxation effect is modelled in [27] , and in [29] the limited capacity of the battery to support large charging or discharging current is modelled. Several papers can be found on modelling battery behaviour in specific software, such as PSPICE models [30] , where the governing equations used are usually the same as those for EECM models.
In summary, a brief comparison between electrochemical models, reduced-order models, EECMs, empirical models and black-box models are summarized in Table I .
IV. IDENTIFICATION OF EECM
Since EECM is the most widely adopted battery model in battery management system, the identification procedure is detailed in the following based on the on-board voltage and current measurements, including model structure selection and parameter identification methods. The model structure is shown in Fig. 2 . The detailed analysis of advantages and disadvantages of each model type is given in the previous section.
A. Model structure selection 1) Model order selection: In general, model order selection is a well-known bias/variance trade-off problem [31] . Zhang et al. [32] analysed the modelling accuracy of EECMs with model order changing from one to t compared with first order model, while performance improvement achieved by using more than three RC networks is negligible.
Hu et al. [33] presented a comparative study of twelve EECM models for Li-ion batteries. Multi-particle swarm The model performance is compared on both training and validation data. The suitability for the generalised use of the model identified from one cell to other cells of the same type is also analysed and compared. It is concluded that the first order EECM with the hysteresis effect is the best bias/variance tread-off. However, these twelve models only consider the influence of current direction on the parameters, and the parameter dependences on SOC and temperature are not accounted for. Generally speaking, model order selection is highly application dependent. In specific applications, for example when it is necessary to capture more system dynamics, higher orders can be used [25] . If the load current is nearly constant, the first order EECM is sufficient. The model order selection should cover the full system time range of interest.
2) Parameter dependence: The parameters of an EECM depend on the operating conditions, such as SOC, temperature, current direction, current rate and ageing [34] , [6] , [35] . It is not necessary to model all the dependencies in every application. For example, for certain household batteries that operate in constant temperature for most of the time, the temperature effect can be omitted. For short-term analysis, the impact of ageing process can be considered negligible.
A common way to describe this parameter dependence is to divide the whole range of operating condition into several partitions. For example, divide the SOC range into nine partitions, e.g., [10, ..., 90%SOC] to avoid large deviation of model accurary due to significant non-linearity existing at too high and too low SOC level. Then identify a constant EECM with the same structure for each partition. After all linear time-invariant EECMs are identified, the parameter dependence on SOC can be extracted [6] .
Linear interpolation (linear spline) is usually used to describe the parameter dependence. It is easy to implement. Furthermore, it is easy to set the boundaries of coefficients, which is very useful for global optimization algorithms [35] , [24] . One shortcoming of linear spline is that the number of coefficients equals the number of partitions, which is usually larger than other curve fitting methods, such as polynomial functions. However, care should be taken when adopting polynomials. First of all, for example, to formulate the relation of OCV with SOC, a high order polynomial is required, but polynomials with high orders tend to lead to an oscillatory results. Moreover, it is difficult to bound the coefficients of polynomials as required for some global optimization algorithms [35] .
Non-linear functions, such as exponential functions, have also been proposed to describe the parameter dependence [6] . Usually fewer coefficients are required than polynomials and linear spline.
B. Parameter identification methods
The step-current charging and discharging test is a simple way to extract model parameters. First of all, the OCV vs SOC curve is measured. The internal resistance can be calculated by measuring the instantaneous voltage change when the step current is applied, and the R, C parameters of RC networks can be extracted empirically by fitting the voltage response curve [36] .
For online parameter identification, [37] proposed to use weighted recursive least square (WRLS) method, making use of the linear structure of EECM. The equations governing the model are formulated in a recursive way, then the parameters are identified using the WRLS method. This parameter identification method only requires current and terminal voltage as inputs, and the model can be used to estimate battery SOC, SOH. Due to the low computational cost of WRLS, this method can be used for real-time implementation, which is very appealing for on-line estimation and control purpose.
There are other online methods for extracting battery model parameters. Chiang et al. [23] proposed an on-line parameter identification method for a first order EECM based on adaptive control theory. Plett [38] proposed using dual-EKF (extended Kalman filter) to capture the slowly evolving property of the model parameters for SOH estimation.
Other off-line methods have also been proposed for identifying the parameters in EECMs, such as PSO [39] , subspace method [24] , and GA [35] , etc.
V. CONCLUSION AND FUTURE WORK
A comprehensive review of battery modelling methods is presented in this paper, and different types of battery models are analysed comparatively, including electrochemical models, reduced-order models, EECM, empirical models and black-box models. A detailed analysis of model structure selection and parameter identification of EECM is also presented.
In this paper, the impact of temperature and battery ageing on battery behaviour is only discussed briefly. A detailed thermal model and an ageing model can be included to form a complete battery model and improve the overall modelling performance. Furthermore, the models covered in this paper are only suitable for single battery cell. For a battery pack consisting of hundreds or even thousands of battery cells, the battery model is much more complex due to the unbalancing between battery cells. These are the topics deserve further investigation.
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